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Abstract 
Bobcats (Lynx rufus), once common in the prairie-woodland mosaic of the 
Midwest, were largely extirpated from the Corn Belt region by 1900.  In the 1990’s, 
sightings of bobcats in Iowa began to increase, and they are now abundant in southern 
Iowa.  With the dramatic expansion of rowcrop agriculture resulting in loss of habitat, 
wildlife managers do not know whether bobcats will again be widespread throughout 
Iowa.   In order to predict where bobcats will eventually repopulate the state, I attempted 
to identify important variables that correlate with current bobcat distribution and to build 
models that predict the relative abundance and occurrence of bobcats.  I used the 
programs ArcGIS and FRAGSTATS to calculate landscape composition and 
configuration from publicly available sources including landcover, census, road, 
hydrologic, and elevation data.  I constructed classification and regression tree (CART) 
models to identify important variables for predicting bobcat distribution in Iowa.  I built 
linear regression models of bobcat relative abundance at the county resolution.  Models 
were based on bobcat sightings from the Iowa Department of Natural Resources 
Bowhunter Observation Survey.  I also built logistic regression models of bobcat 
occurrence at the finer sub-watershed resolution.  Sub-watersheds were classified by 
presence or absence based on locations from reported bobcat sightings, live captures, and 
carcass recoveries.  In all models, both probability of bobcat presence and bobcat relative 
abundance were consistently influenced by the quantity and configuration of perennial 
grassland across Iowa.  None of the models revealed favorable habitat outside of areas 
known to be occupied by bobcats in Iowa, suggesting that bobcats are already occupying 
areas of favorable habitat and will not substantially disperse to other parts of the state.  
 ix
These results have practical implications for wildlife conservationists regarding expected 
bobcat habitat use and distribution as the species becomes more abundant in the 
agricultural landscape of the Midwest. 
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Introduction 
Overview 
The primary objective of this study is to create a habitat model for bobcats that 
will predict locations and relative abundance of bobcats as their populations continue to 
expand in Iowa.  I was interested in extending our understanding of bobcat ecology and 
habitat use beyond the local scale to the statewide distribution.  Identifying the spatial 
distribution of favorable habitat in the region will aid in understanding the regional 
dispersal and gene flow in this vagile carnivore (D. M. Reding, Iowa State University, 
unpublished data).  In order to conserve and manage sustainable bobcat populations in 
Iowa, the Iowa DNR is interested in understanding potential habitat distribution and 
spread across the state (Gosselink and Clark 2008). 
 
The purpose of this study is to create predictive models of favorable bobcat 
habitat in Iowa using observations of bobcats and readily available GIS habitat and 
landscape data.  I built habitat models at the county and sub-watershed scales and 
compared their effectiveness for habitat prediction. 
 
Background 
Bobcats are the most broadly distributed felid in North America, occurring from 
southern Canada to Mexico, and from the east coast to the west coast (Anderson and 
Lovallo 2003).  Before European settlement, bobcats were common in the prairie-
woodland mosaic of the Midwest (Dinsmore 1994, Zohrer 2006).  By the late 1800s they 
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had become rare in Iowa and by about 1900 had largely disappeared from the state 
(Zohrer 2006).  Bobcats were rare after European settlement throughout the Corn Belt 
region, including the Ohio Valley, upper Mississippi Valley, and the southern Great 
Lakes region (Bowles 1975, Nowak 1991, Dinsmore 1994).  This distribution gap (Fig. 
1) (Deems and Pursley 1983, Larivière and Walton 1997) is attributed to human 
persecution (unregulated harvest and bounty hunting) and extensive conversion to 
rowcrop agriculture (Bowles 1975, Dinsmore 1994, Woolf and Hubert 1998, Anderson 
and Lovallo 2003, Zohrer 2006).  The Iowa Department of Natural Resources listed the 
bobcat as endangered in 1977 (Zohrer 2006).  Bobcats were also protected in other states 
in the Corn Belt, including Illinois, Indiana, and Ohio (Tucker et al. 2007).   
 
In the early 1990s, sightings of bobcats in Iowa began to increase and now 
bobcats are abundant in the lower two or three tiers of Iowa counties and in the Loess 
Hills area of western Iowa (Gosselink and Clark 2009). Bobcat populations have 
expanded so successfully in southern Iowa that they were removed from the Iowa 
threatened and endangered species list in 2003 and the DNR opened a limited trapping 
season for bobcats in 2007 (Gosselink and Clark 2009).   
 
The landscape of Iowa, however, has changed significantly since the nineteenth 
century when bobcats were last abundant statewide.  The dramatic, rapid, and nearly 
complete conversion of diverse prairie to a monoculture of cropland profoundly altered 
the native ecosystem (Iowa Department of Natural Resources 2000).  With the expansion  
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Fig. 1. Distribution of bobcats in the United States and Canada in 1976, according to 
Deems and Pursley (1983). 
 
of rowcrop agriculture resulting in the loss of habitat, wildlife managers do not know 
whether bobcats will again be widespread throughout the state.  There is considerable 
interest in understanding the habitat preferences of bobcats and in predicting where they 
can be reasonably anticipated as their population continues to expand into the 
agriculturally dominated landscape of Iowa.  
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Carnivore distribution 
Models predicting the spatial distribution of species of special concern are gaining 
interest, particularly in their applications to wildlife management issues (Scott et al. 
2002).  Habitat selection models have been especially useful for predicting suitable 
habitat for terrestrial carnivores, including bobcats (Conner et al. 2001, Lovallo et al. 
2001, Nielsen and Woolf 2002, Woolf et al. 2002, Constible and Chamberlain 2005, 
Litvaitis et al. 2006, Preuss and Gehring 2007), Canada lynx (Lynx canadensis) (Hoving 
et al. 2005), Florida panthers (Puma concolor) (Maehr and Cox 1995), bears (Ursus 
americanus, Ursus arctos) (Clark et al. 1993, Nielsen et al. 2002, Boyce and Waller 
2003, Nielsen et al. 2006), coyotes (Canis latrans) (Constible and Chamberlain 2005) 
and gray wolves (Canis lupus) (Mladenoff et al. 1995, Mladenoff and Sickley 1998).  
Mladenoff et al. examined large-scale spatial factors affecting a population of wolves that 
was recolonizing northern Wisconsin and Michigan from neighboring Minnesota 
(Mladenoff et al. 1995).  They built models that included many habitat and landscape 
variables as well as simpler models with only a few predictors.  They found that a simple 
model using only one variable (road density) predicted favorable wolf habitat nearly as 
well as a more complex multivariate model.  Wydeven et al. (2001) suggested that road 
density is an indicator of human contact and could also be an important factor in 
predicting habitat for other carnivores. 
 
Despite general utility, the variables identified by prior habitat models constructed 
for carnivores, or even specifically for felids, may not adequately describe data for 
bobcats in Iowa.  Differences in animal behavior and in landscape composition suggest 
  
5
that a model specific to this species and landscape would be both ecologically 
informative and useful.  For example, wolves are pack animals with a complex social 
structure, whereas bobcats are solitary animals.  Previous models created for felids may 
provide more insight into bobcat habitat preferences from an animal behavior 
perspective, but regional differences in landscapes still need to be addressed.  For 
instance, because roads in Iowa are laid on section lines of the public land survey grid 
(Dodds and Stewart 1943, White 1983), there are few places where roads are more than a 
mile apart.  Therefore, road density in Iowa has very low variability, particularly when 
compared to states like Michigan that have relatively large roadless areas.  
 
Researchers often incorporate a common set of landscape variables describing 
landcover composition, landcover configuration, physiognomic factors, and human 
factors when building habitat selection models.  Obviously the challenge is to interpret 
these landscape variables in terms of their relevance to bobcats.  Because bobcats have 
flexible habitat needs (Larivière and Walton 1997), an added challenge is to identify 
region-specific habitat preferences in Iowa.   
 
Landscape composition is a demonstrably important factor in bobcat habitat 
selection.  Disappearance of bobcats from the Corn Belt region is partly attributed to 
extensive conversion of land from forest and grassland to rowcrop agriculture.  Bobcats 
have been shown to prefer woody or brushy cover (Conner et al. 2001, Anderson and 
Lovallo 2003) and largely avoid agricultural fields (Nielsen and Woolf 2002, Hilty and 
Merenlender 2004, Tucker et al. 2007).  
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Landscape configuration may be as important as composition.  The surrounding 
landscape mosaic can affect the function of a habitat patch as much as the characteristics 
within the patch (Forman 1995, Sisk et al. 2002, Dormann 2007, Fahrig 2007).  
Landscape pattern has an important influence on space use of bobcats (Constible and 
Chamberlain 2005).  It might be hypothesized that a single large patch of forest may 
provide a more preferable location for a bobcat home range than an equivalent amount of 
forest divided into smaller patches.  Such an effect might be related to areas with more 
core forest providing more potential den sites or escape from predators than fragmented 
forest areas. Indeed, Tucker et al. (2007) demonstrated that Iowa bobcats had larger home 
ranges in areas with many small forest patches than in areas with fewer large forest 
patches.  Another aspect of landscape configuration that has been shown to affect habitat 
use is adjacency (Forman 1995, Murcia 1995, Collinge 2009).  Edge contrast, the degree 
to which habitat types on either side of a landscape boundary differ from each other, is 
therefore a key metric of landscape configuration (Forman 1995, Constible and 
Chamberlain 2005).  These edges may be hard or soft, or somewhere in between 
(Collinge 2009).  Areas with lower edge contrast (for example, forest adjacent to 
grassland) would likely provide more prey availability for a carnivore than areas with 
high edge contrast (forest adjacent to rowcrops), and thus be more favorable (Forman 
1995).  Koehler (2006) demonstrated this effect in Iowa bobcats. 
 
Variables describing landscape physiognomy include slope, aspect, and stream 
density.  Bobcats are thought to prefer hilly landscapes to flat.  Landscapes with 
topographic relief may provide important microhabitat features for bobcats, including 
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resting sites (Anderson 1990), dens (Bailey 1974), stalking cover (Koehler and 
Hornocker 1989), and refuge from competitors or predators (Koehler and Hornocker 
1991, Litvaitis et al. 2006).  Rugged terrain may also limit the number of bobcat 
encounters with humans (Nielsen and Woolf 2001).  Bobcats may also prefer areas of 
high stream density (Koehler 2006).  Streams may be an indicator of riparian forest 
corridors, which have been shown to be an important landscape element for mammalian 
predators including bobcats (Hilty and Merenlender 2004) in agriculturally dominated 
landscapes (Maisonneuve and Rioux 2001, Virgós 2001, Matos et al. 2009).  
Furthermore, carnivores use riparian woodlands for feeding, shelter (Virgós 2001, Matos 
et al. 2009), and as dispersal corridors (Beier 1995, Sweanor et al. 2000).  In agricultural 
landscapes, riparian woodlands take on increased importance, as they are often the only 
forest or shrub habitat available to carnivores (Virgós 2001).  
 
Human factors can be described by variables including human population density, 
road density, and land ownership.  Bobcats are thought to avoid humans (Nielsen and 
Woolf 2001), so high human population density would indicate poor bobcat habitat.  
Road density is negatively correlated with favorable wolf habitat, and possibly with 
habitat for other carnivores as well (Wydeven et al. 2001).  Collisions with vehicles can 
be a significant source of mortality for bobcats (Anderson and Lovallo 2003, Gosselink 
and Clark 2009).  In addition to this direct mortality, roads may influence spatial use of 
land by bobcats, or may provide increased access to areas by trappers or competing 
carnivores (Anderson and Lovallo 2003, Lovallo and Anderson 1996).  Alternatively, 
bobcats may use low-traffic roads as movement corridors (Conner et al. 2001, Koehler 
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2006), so it is possible that gravel roads would be positively correlated with favorable 
bobcat habitat.  Public and private land ownership has been used as a variable to indicate 
different land management strategies, particularly for forests (Mladenoff et al. 1995), 
although the predominance of private land ownership in Iowa may render this variable 
less useful. 
 
Spatial availability of prey is not usually included in habitat selection models, 
often because it is difficult to quantify, but logically must be ecologically important to 
predictions of carnivore distributions (Mladenoff et al. 1995, Nielsen and Woolf 2003, 
Mortelliti and Boitani 2008).  Anderson and Lovallo (2003) suggest that prey abundance 
is the most important factor in bobcat habitat selection. Cottontail rabbits (Sylvilagus 
floridanus) are the preferred prey species of bobcats, although their diet is varied 
(Anderson 1987, Larivière and Walton 1997, Anderson and Lovallo 2003).  An analysis 
of the stomach contents of 100 bobcats in Iowa showed that 60% of the stomachs 
contained the remains of cottontail rabbits, 20% contained the remains of mice 
(Peromyscus spp.) and voles (Microtus spp.), and 15% contained the remains of fox 
squirrels (Sciurus niger) (Brockmeyer and Clark 2007).  
 
Other biotic interactions may also play a role in the distribution of bobcats.  
Interspecific antagonism may limit the areas of otherwise suitable habitat available to 
bobcats.  For example, coyotes (Canis latrans) generally do not tolerate other 
mesocarnivores living in the same area, including bobcats (Bekoff 1977).  Coyotes and 
bobcats select similar habitat and have extensive dietary overlap (Anderson and Lovallo 
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2003).  With their larger size, broader diet, wider habitat tolerance, higher reproductive 
rates, wider behavioral plasticity, and higher human tolerance (Buskirk et al. 1999), 
coyotes are more ecologically flexible than bobcats, giving them a competitive 
advantage.  Several studies have shown an inverse relationship between the number of 
coyotes and the number of bobcats, suggesting a population response to competition 
(Robinson and Grand 1958, Litvaitis and Harrison 1989, Henke and Bryant 1999).  
Although coyotes and bobcats consume similar food items, diet preference differs and 
competition for prey may, in fact, be minimized where prey is abundant (Anderson and 
Lovallo 2003).  Still, some level of exploitative competition likely exists between bobcats 
and coyotes, which could potentially affect the distribution of bobcats.   
 
Bobcats are highly adaptable, and have varied habitat preferences from region to 
region (Bowles 1975, Deems and Pursley 1983, Larivière and Walton 1997).  The 
specific variables indicating good habitat may differ regionally, but most biologists 
would agree that they will point toward habitat that provides abundant prey, availability 
of resting and denning sites, dense cover for hunting and escape, and freedom from 
disturbance.  Although bobcat habitat models have been constructed for southern Illinois 
(Nielsen and Woolf 2002, Woolf et al. 2002), northern Michigan (Preuss and Gehring 
2007), Mississippi (Conner et al. 2001), and Pennsylvania (Lovallo et al. 2001), a model 
specific to habitat preferences in Iowa will provide the best prediction of favorable 
bobcat habitat in the state.   
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Statistical approaches 
Several different statistical approaches have been used in habitat modeling 
studies, including multiple regression, logistic regression, classification and regression 
trees (CART), and distance statistics, among others.  Logistic regression is probably the 
most frequently used statistical method in habitat modeling (Mladenoff et al. 1995, 
Mladenoff and Sickley 1998, Glenz et al. 2001, Woolf et al. 2002, Hoving et al. 2005, 
Tapia et al. 2007, Kirk and Zelinski 2009).  This approach is useful for describing the 
relationship between habitat variables and presence-absence.  Multiple linear regression 
can be used to fit a predictive model to an observed data set of continuous response 
values (such as counts) as a function of continuous or categorical predictor variables 
(Constible and Chamberlain 2005, Jędrzejewski et al. 2008).  CART (Breiman et al. 
1984) is a non-parametric technique that produces either classification trees (for 
categorical data) or regression trees (for numeric data) (Andersen et al. 2000, De'ath and 
Fabricius 2000, Spens et al. 2007).  Regression trees split the data based on ability of a 
predictor variable to differentiate observations of the response variable.  Mahalanobis 
(Clark et al. 1993, Feng et al. 2009, Thatcher et al. 2009) and Penrose (Nielsen and 
Woolf 2002, Preuss and Gehring 2007) distance statistics measure the distance between 
two populations in multivariate space.  The distance between an observation and a group 
can be used to determine the probability that the observation belongs to the group.  
Similar to logistic regression, these methods can only be used to determine the 
probability of presence or absence. 
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Logistic regression is used frequently in habitat suitability modeling because 
researchers are often limited to presence/absence data for the species of interest (Scott et 
al. 2002).  When continuous count data are available for the species in question, multiple 
regression can be used to predict relative abundance in addition to presence/absence.  
Model validation is an important part of model building, and is often overlooked in 
habitat prediction studies (Morrison et al. 2006).  Values predicted by the model can be 
compared to a separate dataset not used in model construction to avoid overfitting the 
data (Harrell 2001). 
 
CART models quickly identify important predictor variables using easily 
visualized decision rules.  These decision trees help to identify complex interactions that 
may not be apparent using multiple regression methods, since the recursive partitioning 
methods used by CART are non-parametric and robust to violations of assumptions of 
linearity between predictors and the response.  Tree regression analysis does not require 
homoscedacity in variances (Breiman et al. 1984).  Interactions among habitat variables 
in relation to the organism are detected automatically in the analysis (Rejwan et al. 1999).  
CART analysis is an excellent tool for initial data inspection, providing intuitive insight 
into the structure of the data and possible interactions between variables (Crawley 2007).  
Tree regression results present the relationship between environmental variables and 
bobcat density by expressing favorable habitat as a hierarchy of selection processes based 
on environmental criteria.  Cross-validation is incorporated in the modeling procedure, as 
trees are built repeatedly, excluding parts of the data each time, to generate the model.  
CART analysis has successfully been used to produce clear, easily interpretable models 
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of species-habitat associations (Clark et al. 1999, Mankin and Warner 1999, Rejwan et 
al. 1999, Andersen et al. 2000, De'ath and Fabricius 2000).  
 
Spatial autocorrelation 
There is a growing appreciation of the effects of spatial autocorrelation on 
ecological models (Legendre 1993, Lichstein et al. 2002, Fortin and Dale 2005), and 
statistical methods of accounting for spatial autocorrelation have recently been 
incorporated into species distribution analyses (Dormann 2007).  Standard statistical 
methods such as regression that are used to quantify species-environment relationships 
assume independence of observations.  However, species distribution data often display 
spatial autocorrelation – locations close to each other have more similar values than 
locations that are farther apart. Spatial structure of ecological data may be due to internal 
contagious biological processes such as dispersal, reproduction, or distance-related 
species interactions (Fortin and Dale 2005).  When modeling the distribution of a 
population of bobcats that has recolonized Iowa relatively recently, this issue deserves 
particular consideration. 
 
The consequence of spatial autocorrelation for modeling species-habitat 
relationships is that the value at any one location can be at least partly predicted by the 
values at neighboring points (Legendre 1993, Keitt et al. 2002, Dormann 2007).  
Therefore, spatial patterns remain present in the residuals of a statistical model based on 
such data and one of the key assumptions of standard statistical analyses, independent 
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and identically distributed (i.i.d.) residuals, is violated (Anselin and Tam Cho 2002, 
Dormann 2007).  This violation of assumptions is problematic for models aiming to 
predict species abundances or identify species-habitat associations.  Violation of i.i.d. 
residuals may bias parameter estimates and increase Type I error rates (Diniz-Filho et al. 
2003, Dormann et al. 2007), leading to models that overpredict species presence or 
abundance.  Regression of autocorrelated variables using standard regression methods 
may highlight spurious associations rather than real habitat-abundance relationships 
(Keitt et al. 2002).  
 
Spatial autocorrelation is often omitted in predictions of favorable habitat.  Some 
researchers argue that ordinary regression is unbiased and that regression coefficients are 
not seriously affected by spatial autocorrelation.  Hawkins et al. (2003) and Diniz-Filho 
et al. (2007) found non-spatial models to be robust and unbiased for several data sets.  No 
extensive study has been carried out to compare the performance of spatial and non-
spatial methods under different forms and causes of spatial autocorrelation (Dormann et 
al. 2007).  Several studies have analyzed species distributions using standard non-spatial 
methods and found no evidence for spatial autocorrelation in model residuals (Higgins et 
al. 1999, Hawkins and Porter 2003, Bhattarai et al. 2004, Flinn et al. 2005, Warren et al. 
2005).  One possible explanation for this discrepancy is that spatial patterns in species 
abundance may not be due to internal (within-species) processes, but rather a response to 
external processes or habitat factors that have their own spatial structure (Legendre 1993, 
Fortin and Dale 2005).  In this case, standard methods are adequate to assess habitat-
abundance relationships.  A properly parameterized model, including the correct 
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covariates, would diminish the need to include an autoregression spatial structure 
(Dormann 2007).  Furthermore, models that are poorly parameterized because they 
contain the wrong explanatory variables may lead to far worse models than ignoring 
spatial autocorrelation.  Spatial autocorrelation is only one more potential problem to be 
aware of (Dormann 2007). 
 
Because of the potential problems associated with violations of the assumption of 
i.i.d. residuals in regression models, it is important to investigate the effects of spatial 
autocorrelation in studies of species-habitat relationships.  The independence model 
(regression model where errors are i.i.d.) is the standard choice when predictor or 
response variables are not spatially patterned and a good place to start when first 
exploring spatial relationships.  If there are strong spatial signatures in data, one must 
assess degree of spatial dependence in residuals (Keitt et al. 2002).  If the residuals are 
spatially autocorrelated, the state of the art demands spatial models (Dormann 2007).  
However, if there is no spatial autocorrelation in the model residuals, there will be little 
effect of including a spatial autocorrelation correction (Dormann 2007), and standard 
regression methods will adequately describe the species-habitat relationship.  The statistic 
Moran’s I (Fortin and Dale 2005) can be used as an indicator of spatial association 
among residuals to determine whether a correction for spatial autocorrelation should be 
incorporated in the model.  
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Scale 
Often conservation biologists and wildlife managers want to develop models that 
identify favorable habitat at landscape and regional scales.  In Iowa, Tucker et al. (2007) 
analyzed bobcat habitat at the individual home range scale (average area 19.90 km2 for 
females, 55.34 km2 for males) and not surprisingly, found that forest cover was the most 
selected habitat variable by bobcats.  Standardized habitat selection ratios show that 
bobcats selected forest cover for their home ranges twice as frequently as any other 
available landcover class.  But Tucker’s research also revealed that bobcat core home 
ranges were more likely to be located in forest surrounded by grassland than in forest 
surrounded by rowcrops.  Furthermore, at the larger landscape scale, home ranges 
frequently configured differently depending on forest patch fragmentation and drainage 
configuration (Koehler 2006, Tucker et al. 2007). 
 
This logically suggests that drainages or sub-watersheds might be a biologically 
relevant scale for evaluating bobcat habitat.  The US Geological Survey delineates 
watersheds and sub-watersheds using Hydrologic Unit Codes (HUCs), which designate 
geographic areas for a surface drainage basin or a combination of drainage basins (Seaber 
et al. 1987).  Hydrologic units are hierarchically arranged such that sub-watersheds are 
aggregated into watersheds, which are aggregated into sub-basins, basins, and so on for 
larger hydrologic units (Seaber et al. 1987).  Drainages are visible to bobcats on the 
landscape, and potentially serve as corridors or barriers to bobcat movement.  
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However, watersheds are not a sensible unit from an administrative standpoint, so 
management decisions are often applied at the county level.  For example, harvest 
regulations are more easily communicated and enforced using familiar administrative 
boundaries.  Motivated by this need, state management agencies often collect wildlife 
data at county-level resolution (average area in Iowa 1471.70 km2).  So, from a 
management perspective, it is both logical and useful to predict favorable bobcat habitat 
and relative abundance at the county level.   
 
From an ecological perspective, however, we expect that the county scale may be 
too broad to determine factors influencing favorable bobcat habitat.  Counties are large 
enough to include a variety of habitat factors, the range of which may be muted when 
considering the county as a whole.  A countywide summary of habitat variables would be 
expected to be a fair depiction of a uniform county, but a poor representation of a diverse 
county.  The finer sub-watershed divisions of the landscape likely will more accurately 
capture the variability in habitat factors than the broader county divisions.  In Iowa, there 
are approximately 17 6th level (12-digit Hydrologic Unit Code, or HUC_12) sub-
watersheds in each county, with an average area of 85.5 km2.  Therefore questions 
regarding the comparability of models developed at the county level and the sub-
watershed scale are specifically important to bobcat ecology in Iowa and relevant to 
landscape ecology in general. 
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Extent 
Whether bobcats will recolonize favorable habitat throughout the entire state of 
Iowa is unknown.  Models based on statewide data may inaccurately predict favorable 
bobcat habitat if we cannot separate the bobcat absence due to rate of spread from bobcat 
absence due to lack of suitable habitat.  Starting with models constructed from data in 
areas of the state where bobcats have been sighted is a conservative way to identify 
landscape features important to bobcat distribution and avoid questions of bobcat absence 
due to incomplete colonization.  Then considering the spatial autocorrelation in the 
bobcat location data and using changes in sighting rates to assess spread should enable 
inference to other parts of the state. 
 
The objective of this study was to identify important variables that correlate with 
current bobcat distribution and to build models that predict the relative abundance and 
occurrence of bobcats.  Ultimately this will provide insight as to where bobcat 
populations may expand in Iowa. 
 
Methods: County-level models 
Bobcat location data 
 Data for bobcat relative abundance at the county level was obtained from the 
annual Bowhunter Observation Survey, conducted by the Iowa DNR since 2004 
(Gosselink and Clark 2009, Roberts and Clark 2009).  The mail survey is sent to 
approximately 91 bowhunters in each of the 99 counties in Iowa, randomly selected from 
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a core group of avid hunters, defined as hunters who have purchased a bowhunting 
license for each of the three years prior to the survey.  A total statewide sample of 8,991 
bowhunters was selected for participation.  Survey participants are asked to record the 
date of each bowhunting trip, the number of hours hunted, and the number of animals 
observed.  Observations are recorded for bobcats, as well as deer (Odocoileus 
virginianus), turkey (Meleagris gallopavo), raccoon (Procyon lotor), opossum (Didelphis 
virginiana), house cat (Felis silvestris), red fox (Vulpes vulpes), gray fox (Urocyon 
cinereoargenteus), striped skunk (Mephitis mephitis), coyote (Canis latrans), badger 
(Taxidea taxus), and river otter (Lontra canadensis).  Bowhunters are a logical choice for 
observational surveys of wildlife because they tend to be experienced outdoors people, 
and the practices used while bowhunting deer are ideal for observing other wildlife.  For 
example, bowhunters spend extensive periods of time hunting deer from tree stands or 
blinds, typically wearing camouflaged clothing and making efforts to mask human scent 
(Roberts and Clark 2009).  Results of the survey are compiled as number of bobcats 
observed per 1000 hunter-hours for each county each year (Fig. 2), a measure of the 
relative abundance of bobcats. 
 
A major advantage of the Bowhunter Observation Survey for statewide modeling 
of bobcats is that the response is derived from a consistent, probabilistic statewide 
sampling effort.  Furthermore, since other states conduct similar surveys (Kautz et al. 
2000), it is possible to extend future habitat modeling efforts elsewhere in the region 
based on this type of data. 
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Fig. 2. Relative abundance of bobcats (bobcats seen per 1000 hunter-hours) by county from the Bowhunter Observation 
Survey in Iowa, USA, average of years 2004-2009. 
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Habitat and landscape variables 
I calculated landscape characteristics or variables describing landscape-scale 
bobcat habitat for each county in Iowa using ArcGIS (ESRI 2009) from publicly 
available landcover, elevation, road, stream, and human population data (see Fig. 3-7 for 
examples).  I also calculated variables describing positive and negative interspecific 
interactions, including principal prey (cottontail rabbits, Fig. 8) and principal antagonistic 
species (coyotes, Fig. 9).  Data sources and methods for summarizing these variables by 
county are listed in Appendix A.   
 
I calculated landscape configuration variables at the county level from the 2002 
Land Cover using FRAGSTATS 3.3 (McGarigal et al. 2002).  I selected a subset of 
potentially informative metrics from those calculated by FRAGSTATS.  I calculated 
these metrics at the class and landscape levels for each county.  Class-level metrics 
represent the amount and spatial distribution of a single landcover type, while landscape-
level metrics represent the structure of the entire landscape mosaic, regardless of habitat 
class (Constible and Chamberlain 2005).  I estimated edge contrast based on bobcat 
habitat selection ratios in Iowa (Tucker et al. 2007).  Tucker found that bobcats included 
forest habitat in their home range twice as often as would have been predicted by chance, 
grassland and Conservation Reserve Program perennial grassland (CRP) approximately 
equal to the rate predicted by chance, and rowcrop less than would be predicted by 
chance.  Consequently I assigned the edge between forest and rowcrop a high contrast 
(0.8), while the edge between forest and grassland or forest and CRP was assigned a
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Fig. 3. Landcover of Iowa, USA, 2002.
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Fig. 4. Slope, calculated from USGS elevation data for Iowa, USA, 1999. 
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Fig. 5. Streams and major rivers in Iowa, USA, 2000. 
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Fig. 6. Paved and unpaved roads in Iowa, USA, 2006. 
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Fig. 7. Human population density in Iowa, USA, 2000. 
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Fig. 8. Relative abundance of cottontail rabbits (rabbits seen per 30-mile route) from the Iowa August Roadside Survey in 
Iowa, USA, averaged over 2004-2008. 
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Fig. 9. Relative abundance of coyotes (coyotes seen per 1000 hunter-hours) from the Iowa Bowhunter Observation Survey 
in Iowa, USA, averaged over 2004-2008. 
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moderate contrast (0.5 and 0.5, respectively), and the edge between grassland and CRP 
was assigned a low contrast (0.1).  A full explanation and mathematical formulas of all 
metrics are provided elsewhere (Hargis et al. 1997, Tischendorf 2001, McGarigal et al. 
2002).  
 
I used a group of composition and configuration variables for habitat modeling 
based on a combination of expected biological importance to bobcats and statistical 
properties.  I calculated univariate summaries to examine the properties of each variable.  
Where multiple variables were highly correlated with each other (r > 0.80), I eliminated 
all but one of the variables.  I retained the variable that was more biologically 
meaningful, more easily understood, or was simpler to calculate.  For example, the 
variables Human Population Density, Percent Urban Land Cover, and Paved Road 
Density are all highly intercorrelated, and all convey information about potential human 
disturbance.  Human Population Density was retained because it is the most easily 
interpreted variable of the group, and Percent Urban Land Cover and Paved Road Density 
were eliminated from the analysis.  Variable names and descriptions of metrics included 
in this analysis are listed in Table 1. 
 
CART analysis 
I started with CART analysis to understand bobcat relative abundance as a 
function of the complex multivariate landscape relationships.  CART analysis is designed 
to form prediction rules for one variable (bobcat relative abundance) based on the values  
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Table 1. Predictor variables included in the model building procedure for county 
level models of bobcat relative abundance in Iowa, USA, 2004-2009. 
Variable Variable describes Transformation Variable name 
percent forest landscape composition natural log PerForest 
percent grassland landscape composition  PerGrassland 
percent CRP landscape composition natural log PerCRP 
percent rowcrop landscape composition  PerRowcrop 
percent water landscape composition  PerWater 
slope standard deviation landscape physiognomy natural log SlopeStDevAvg 
stream density landscape physiognomy  AllStreamDensAvg 
unpaved road density human factors  UnpavedDensAvg 
human population density human factors natural log HumanPopulationDensity 
relative abundance of cottontail rabbits prey availability natural log Bunny5yrAvg 
relative abundance of coyotes antagonistic species  CoyK5yrAvg 
forest patch density landscape configuration: fragmentation square root forPD 
grassland patch density landscape configuration: fragmentation natural log graPD 
CRP patch density landscape configuration: fragmentation natural log crpPD 
rowcrop patch density landscape configuration: fragmentation natural log rcpPD 
forest landscape shape index landscape configuration: shape square root forLSI 
grassland landscape shape index landscape configuration: shape  graLSI 
CRP landscape shape index landscape configuration: shape  crpLSI 
forest mean patch area landscape configuration: fragmentation natural log forAREAMN 
grassland mean patch area landscape configuration: fragmentation natural log graAREAMN 
CRP mean patch area landscape configuration: fragmentation natural log crpAREAMN 
rowcrop mean patch area landscape configuration: fragmentation  rcpAREAMN 
forest mean shape landscape configuration: shape  forSHAPEMN 
grassland mean shape landscape configuration: shape  graSHAPEMN 
CRP mean shape landscape configuration: shape  crpSHAPEMN 
forest core percentage of landscape landscape configuration: core area natural log forCPLAND 
grassland core percentage of landscape landscape configuration: core area natural log graCPLAND 
CRP core percentage of landscape landscape configuration: core area natural log crpCPLAND 
rowcrop core percentage of landscape landscape configuration: core area  rcpCPLAND 
urban core percentage of landscape landscape configuration: core area  urbCPLAND 
forest disjunct core area density landscape configuration: core area natural log forDCAD 
grassland disjunct core area density landscape configuration: core area natural log graDCAD 
CRP disjunct core area density landscape configuration: core area natural log crpDCAD 
rowcrop disjunct core area density landscape configuration: core area  rcpDCAD 
urban disjunct core area density landscape configuration: core area  urbDCAD 
forest contrast weighted edge density landscape configuration: adjacency square root forCWED 
grassland contrast weighted edge density landscape configuration: adjacency  graCWED 
CRP contrast weighted edge density landscape configuration: adjacency natural log crpCWED 
landscape contagion landscape configuration: aggregation  L_CONTAG 
Shannon's diversity index landscape configuration: diversity  L_SHDI 
Simpson's diversity index landscape configuration: diversity  L_SIDI 
Shannon's evenness index landscape configuration: diversity  L_SHEI 
Simpson's evenness index landscape configuration: diversity   L_SIEI 
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of the independent variables.  CART produces a tree model with a series of binary splits 
in the data such that after each split the new subset to the right has a greater mean 
response value than the parent set.  Cross-validation techniques are used in which trees 
are built repeatedly excluding parts of the data each time, to provide a measure of 
sensitivity and specificity of the classification.  I used the package rpart (Therneau and 
Atkinson 2009) to construct regression trees in the program R (R Core Development 
Team 2009) using bobcat data from the six available years of the Bowhunter Observation 
Survey (2004 – 2009).  Trees were pruned on the basis of a predetermined cost–
complexity measure to ensure that the fitted tree was not more complex than necessary to 
describe the data (Breiman et al. 1984, De'ath and Fabricius 2000).  The pruned 
regression tree predicts the mean relative abundance of bobcats in the set of counties at 
each terminal node.  I used the package randomForest (Liaw and Wiener 2002) in R to 
predict the relative abundance of bobcats in each county.  Random forests improve 
predictive accuracy by generating a large number of bootstrapped trees based on random 
samples of variables, classifying a case using each tree in this new “forest,” and deciding 
a final predicted outcome by averaging the results across all of the trees (Breiman 2001, 
Liaw and Wiener 2002). 
 
Linear regression analysis 
I followed the CART analysis with multiple linear regression to quantify the 
effect of variables influencing bobcat distribution and abundance.  I averaged the bobcat 
counts from years 2004, 2006, and 2008 (Fig. 10) of the Bowhunter Observation Survey 
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Fig. 10. Relative abundance of bobcats (bobcats seen per 1000 hunter-hours) from the Iowa Bowhunter Observation 
Survey used for model construction in Iowa, USA (average of years 2004, 2006, 2008).
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data to develop the regression model, reserving data from years 2005, 2007, and 2009 
(Fig. 11) for model validation (Harrell 2001).  I chose the same variables used in the 
CART analysis, selected with knowledge of factors that might influence bobcat 
distribution.  I checked these variables for normality and transformed non-normal 
variables using the natural log or square root (Harrell 2001).  For all transformed 
variables, the data appeared closer to meeting the assumption of normality after 
transformation.  I used multiple linear regression in the program JMP (SAS Institute, Inc. 
2007) to model the relative abundance of bobcats as a function of landscape composition, 
configuration, and habitat variables.  I considered models with as many as 10 variables.  I 
considered only linear models of these variables without interaction to focus on the 
relative importance of variables and to avoid constructing more model combinations than 
I could resolve with the data.  I considered a combination of criteria to compare the best-
fit candidate models including an information theoretic approach (Akaike’s Information 
Criterion, corrected for small sample size, AICc), root mean squared error (RMSE), and 
the coefficient of determination (R2) of the fitted model.  The AIC approach provides a 
measure of model fit, while penalizing for model complexity (Harrell 2001, Burnham and 
Anderson 2002, Morrison et al. 2006).  As variables are added to the model, the model fit 
improves, and both AIC and RMSE decline.  Since AIC penalizes models for complexity, 
eventually AIC will asymptote or increase such that adding additional variables will not 
improve the model fit measured by AIC (Burnham and Anderson 2002).  Penalizing 
model complexity avoids overfitting the original dataset, leading to a more generalizable 
model (Harrell 2001). 
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Fig. 11. Relative abundance of bobcats (bobcats seen per 1000 hunter-hours) from the Iowa Bowhunter Observation 
Survey used for model validation in Iowa, USA (average of years 2005, 2007, 2009). 
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To explore issues related to absence due to lack of suitable habitat versus the 
potential that bobcats have yet to colonize an area, I constructed linear regression models 
using only the 58 counties where bobcats have been reported in the Bowhunter 
Observation Survey.  Although bobcat observations are rare in some counties, a model 
constructed based on only non-zero abundances should eliminate the question of the 
extent of bobcat distribution into Iowa.   
 
Results: County-level models 
CART model 
The regression tree for statewide data at the county level has three terminal nodes, 
explaining 64.8% of the variation.  Of 42 potential predictors in the model specification, 
two were selected by the algorithm to be used in constructing the tree.  Variables used for 
splitting the data include the relative abundance of cottontail rabbits and the percentage 
of the landscape in CRP.  Bobcat relative abundance is highest when cottontail rabbits are 
abundant (>14 rabbits seen per 30 mile route), or when a relatively high percentage of the 
landcover is in CRP (>5.7%) (Fig. 12).  Although the relative abundance of cottontail 
rabbits and percent CRP were selected as the best splitting variables, several variables 
relating to the amount and configuration of CRP and grassland performed very 
competitively (Appendix B).  Of the variables considered to be the best primary splitting 
criteria, all but one were variables relating to composition and configuration of CRP and 
grassland.  If data were missing for the primary splitting variable in any county, all 
surrogate splits were made using variables relating to composition and configuration of  
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Fig. 12. Regression tree classifying the relative abundance of bobcats in each county 
as a function of landscape composition and configuration variables in Iowa, USA, 
2004-2009.  Numbers in terminal nodes are the mean relative abundance of bobcats 
at the node and the number of counties split into that node.  Branch length is 
proportional to the influence of the splitting variable. 
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CRP and grassland.  The CART model predicts the mean bobcat relative abundance at 
each terminal node (Fig. 13).  The random forest procedure makes predictions of the 
relative abundance of bobcats in each county (Fig. 14).   These bootstrapped predictions 
of bobcat relative abundance for each county are consistent with the predictions of mean 
relative abundance made by the CART model.  Bobcat relative abundances predicted by 
both CART and random forest models look superficially similar to bobcat relative 
abundances from the statewide Bowhunter Observation Survey. 
 
A regression tree constructed using data only from counties where the relative 
abundance of bobcats was greater than zero had three terminal nodes, and explained 
59.9% of the variation within the non-zero counties.  The algorithm selected two 
variables in constructing the tree: the relative abundance of cottontail rabbits and CRP 
patch density.  The relative abundance of bobcats is highest when there is greater relative 
abundance of cottontail rabbits (>14 rabbits seen per 30 mile route), or when CRP patch 
density is high (>10.7 patches per 100 hectares) (Fig. 15). The CART model based on 
counties with non-zero bobcat abundances predicts the mean bobcat relative abundance at 
each terminal node (Fig. 16).  Bootstrapped predictions of the relative abundance of 
bobcats in each county from the random forest procedure are consistent with the 
predictions of mean relative abundance made by the CART model (Fig. 17).  The model 
based on counties with non-zero counts of bobcats includes similar variables to the model 
based on statewide data.  Furthermore, the five best splitting variables and the five best 
surrogate variables are nearly identical to those used by the model based on statewide  
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Fig. 13. Mean relative abundance of bobcats (bobcats seen per 1000 hunter-hours) predicted by the regression tree model 
using all counties in Iowa, USA, 2004-2009. 
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Fig. 14. Predicted relative abundance of bobcats (bobcats seen per 1000 hunter-hours) by random forest models using all 
counties in Iowa, USA, 2004-2009. 
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Fig. 15. Regression tree classifying the relative abundance of bobcats (bobcats seen 
per 1000 hunter-hours) in each county as a function of landscape composition and 
configuration variables in Iowa, USA, 2004-2009.  The regression tree was 
constructed based only on counties where bobcats were present in the Bowhunter 
Observation Survey.  Numbers in terminal nodes are the mean relative abundance 
of bobcats at the node and the number of counties split into that node.  Branch 
length is proportional to the influence of the splitting variable. 
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Fig. 16. Mean relative abundance of bobcats (bobcats seen per 1000 hunter-hours) predicted by the regression tree model 
using only counties with non-zero abundances in the Bowhunter Observation Survey in Iowa, USA, 2004-2009. 
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Fig. 17. Predicted relative abundance of bobcats (bobcats seen per 1000 hunter-hours) by random forest models using only 
Iowa counties with non-zero abundances in the Bowhunter Observation Survey in Iowa, USA, 2004, 2006, and 2008. 
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data (Appendix C).  The models are nearly identical, demonstrating that there is no 
apparent bias in modeling resulting from the presence or absence of bobcats, and no 
reason to exclude counties where zero bobcats were counted in the Bowhunter 
Observation Survey from further analysis. 
 
Linear regression model 
Results of the linear regression modeling exercise indicated that there were many 
competing models (∆AICc < 2) for bobcat relative abundance, all of which included 
nearly the same parameters.  The four best-fit linear regression models are shown in 
Table 2.  Variables in bold are included in all four of the best models.  Although the best-
fit model by AICc includes 10 parameters, it is nearly indistinguishable from a model 
including only eight parameters.  For this reason, I have chosen to use the simpler eight-
variable model for predicting bobcat relative abundance.  Parameter estimates (Table 3) 
indicate that as the percentage of the landscape in grassland, grassland patch density, 
grassland mean area, CRP disjunct core area density, and forest shape index increased, 
bobcat relative abundance increased.  The quantity and density of grassy areas, as well as 
forest patches with compact shapes, are important predictors of bobcat distribution.  
Furthermore, as human population density, grassland contrast-weighted edge density, and 
grassland core percentage of the landscape decreased, bobcat relative abundance 
increased.  The negative parameter estimate for grassland core percentage of the 
landscape is unexpected, since univariate comparisons indicate that as grassland core area 
increases, bobcat relative abundance also increases.   
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Table 2. Akaike's information criterion corrected for small sample size (AICc) 
∆AICc, root mean squared error (RMSE), and model fit (R2) of the four best-fit 
linear regression models for predicting the relative abundance of bobcats at the 
county level in Iowa, USA, 2004-2009.  Bold variables occur in all four models. 
Model Number of Parameters Parameters AICc ∆AICc RMSE R
2
 
1 10 AllStreamDensAvg 216.483 0 0.666 0.761 
  lnHumanPopDens     
  lnBunny     
  lngraPD     
  lngraAREAMN     
  lngraCPLAND     
  lncrpDCAD     
  graCWED     
  lncrpCWED     
  forSHAPEMN     
2 9 AllStreamDensAvg 216.694 0.211 0.672 0.754 
  lnHumanPopDens     
  lnBunny     
  lngraPD     
  lngraAREAMN     
  lngraCPLAND     
  lncrpDCAD     
  graCWED     
  forSHAPEMN     
3 10 PerGrassland 216.763 0.28 0.667 0.761 
  AllStreamDensAvg     
  lnHumanPopDens     
  lngraPD     
  lngraAREAMN     
  lngraCPLAND     
  lncrpDCAD     
  graCWED     
  lncrpCWED     
  forSHAPEMN     
4 8 PerGrassland 216.827 0.344 0.677 0.748 
  lnHumanPopDens     
  lngraPD     
  lngraAREAMN     
  forSHAPEMN     
  lngraCPLAND     
  lncrpDCAD     
    graCWED       
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Table 3. Parameter estimates of the best-fit regression model for predicting the 
relative abundance of bobcats at the county level in Iowa, USA, 2004-2009. 
Model Parameters β SE t p 
Intercept -25.458 5.188 -4.91 < 0.001 
PerGrassland 0.084 0.041 2.04 0.044 
lnHumanPopDens -0.450 0.110 -4.10 < 0.001 
lngraPD 6.424 1.573 4.08 < 0.001 
lngraAREAMN 4.984 1.606 3.10 0.003 
lngraCPLAND -2.368 0.437 -5.41 < 0.001 
lncrpDCAD 1.634 0.346 4.72 < 0.001 
graCWED -0.133 0.028 -4.70 < 0.001 
forSHAPEMN 9.563 2.856 3.35 0.001 
 
 
This may indicate an unexplored interaction between one or more of the variables.  Still, 
the best-fit linear regression model explains 17.4% more variation than the CART model.  
Bobcat relative abundances predicted by this model (Fig. 18) with the data from 2004, 
2006, and 2008 look superficially similar to bobcat relative abundances from the 
statewide Bowhunter Observation Survey. 
 
To examine the similarity objectively, I compared the predicted values of bobcat 
relative abundance from the best-fit eight-variable regression model to the values of 
bobcat relative abundance from 2005, 2007, and 2009, which were withheld from the 
model building procedure (Fig. 19).  Accuracy of model predictions (difference between 
predicted and withheld values of bobcats seen per 1000 hunter hours) approach a normal 
distribution (Fig. 20), with the majority of predictions very close to the value of bobcat 
relative abundance in the data withheld from the regression analysis. This result is 
counter to the expectation that non-spatial models would overpredict abundance values 
(Diniz-Filho et al. 2003).  
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Fig. 18. Predicted relative abundance of bobcats (bobcats seen per 1000 hunter-hours) using the eight-variable linear 
regression model in Iowa, USA, 2004, 2006, and 2008. 
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Fig. 19. Prediction accuracy (difference between predicted and withheld values of bobcats seen per 1000 hunter-hours) of 
the best eight-variable linear regression model of bobcat relative abundance in Iowa.  Predicted values of bobcat relative 
abundance by the model built using data from 2004, 2006, and 2008 of the Bowhunter Observation Survey are compared 
to observed values of bobcat relative abundance in years 2005, 2007, and 2009.  Counties where the model overpredicted 
the relative abundance of bobcats are shown in red; counties where the model underpredicted the relative abundance of 
bobcats are shown in blue. 
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Fig. 20. Prediction accuracy (difference between predicted and withheld values of 
bobcats seen per 1000 hunter-hours) of the best eight-variable linear regression 
model of bobcat relative abundance in Iowa approaches a normal distribution.  
Predicted values of bobcat relative abundance by the model built using data from 
2004, 2006, and 2008 of the Bowhunter Observation Survey are compared to 
observed values of bobcat relative abundance in years 2005, 2007, and 2009. 
 
I tested for spatial autocorrelation in the model residuals using Moran’s I (Fortin 
and Dale 2005).  A value of zero indicates no autocorrelation, and values approaching 
one or negative one indicate strong positive or negative autocorrelation, respectively.  
Values of Moran’s I are assessed by a test statistic, the Moran’s I standard deviate, to 
indicate the significance of spatial autocorrelation in model residuals (Dormann et al. 
2007).  The test for spatial autocorrelation in the residuals for this model found no 
significant global spatial autocorrelation (Moran’s I = 0.08308, P = 0.126134), indicating 
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a pattern that is neither clustered nor dispersed.  Some clusters of high and low values of 
residuals were apparent when local indicators of spatial autocorrelation (LISA) were 
mapped (Fig. 21), but do not correspond to major patterns of bobcat distribution in Iowa.  
Because there is no significant spatial autocorrelation in the model residuals, I concluded 
that standard regression methods adequately describe the species-habitat relationship. 
 
For counties with non-zero relative abundances of bobcats in the Bowhunter 
Observation Survey, there were four competing models (∆AICc < 2) for bobcat relative 
abundance.   All of these models included similar parameters (bold in Table 4), which 
were comparable to the parameters included in the best models based on statewide data.  
The best-fit linear regression model for bobcat relative abundance (R2 = 0.76) included 
nine habitat variables (Table 5).  Parameter estimates indicate that as grassland patch 
density, grassland mean area, forest disjunct core area density, and CRP disjunct core 
area density increased, bobcat relative abundance increased.  As stream density, human 
population density, forest core percentage of the landscape, and grassland core 
percentage of the landscape decreased, bobcat relative abundance increased.  The best-fit 
linear regression model explains 30.0% more variation than the CART model.  Variables 
and signs of the regression coefficients remain consistent with models constructed using 
statewide data.  With the exception of some counties in northern Iowa, the values of 
bobcat relative abundance predicted by this model are similar to those predicted using 
data from all counties (Fig. 22). 
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Fig. 21. Local indicators of spatial autocorrelation in the errors of the best eight-variable linear regression model in Iowa, 
USA, 2004, 2006, and 2008.
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Table 4. Akaike's information criterion corrected for small sample size (AICc) 
∆AICc, root mean squared error (RMSE), and model fit (R2)  of the four best-fit 
linear regression models for predicting the relative abundance of bobcats at the 
county level in Iowa, USA, 2004-2009.  Models are based on counties with non-zero 
abundances of bobcats in the Iowa Bowhunter Observation Survey, 2004-2009.  
Bold variables are included in all best-fit models. 
Model Number of Parameters Parameters AICc ∆AICc RMSE R2 
1 9 AllStreamDensAvg 137.566 0 0.752 0.768 
  lnHumanPopDens     
  lngraPD     
  lngraAREAMN     
  lnforCPLAND     
  lngraCPLAND     
  lnforDCAD     
  lncrpDCAD     
  graCWED     
2 8 AllStreamDensAvg 138.478 0.912 0.773 0.750 
  lnHumanPopDens     
  lngraPD     
  lngraAREAMN     
  forSHAPEMN     
  lngraCPLAND     
  lncrpDCAD     
  graCWED     
3 10 AllStreamDensAvg 139.247 1.681 0.749 0.776 
  lnHumanPopDens     
  lngraPD     
  lngraAREAMN     
  lnforCPLAND     
  lngraCPLAND     
  lnforDCAD     
  lngraDCAD     
  lncrpDCAD     
  graCWED     
4 7 AllStreamDensAvg 139.274 1.708 0.793 0.731 
  lnHumanPopDens     
  lngraPD     
  lngraAREAMN     
  lngraCPLAND     
  lncrpDCAD     
    graCWED       
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Table 5. Parameter estimates of the best-fit regression model for predicting the 
relative abundance of bobcats at the county level in Iowa, USA, 2004-2009. Models 
are based on counties with non-zero abundances of bobcats in the Iowa Bowhunter 
Observation Survey, 2004-2009. 
Model Parameters β SE t p 
Intercept -22.850 5.170 -4.420 < 0.001 
AllStreamDensAvg -3.502 1.350 -2.593 0.013 
lnHumanPopDens -0.435 0.189 -2.326 0.025 
lngraPD 12.034 2.609 4.611 < 0.001 
lngraAREAMN 11.245 2.274 4.944 < 0.001 
lnforCPLAND -0.581 0.256 -2.272 0.028 
lngraCPLAND -4.928 0.953 -5.168 < 0.001 
lnforDCAD 1.450 0.549 2.638 0.012 
lncrpDCAD 2.490 0.569 4.379 < 0.001 
graCWED -0.143 0.046 -3.115 0.003 
 
 
 
I compared the predicted values of bobcat relative abundance from the best-fit 
regression model to the values of bobcat relative abundance from 2005, 2007, and 2009, 
which were withheld from the model building procedure (Fig. 23).  Accuracy of model 
predictions (difference between predicted and withheld values of bobcats seen per 1000 
hunter hours) approach a normal distribution (Fig. 24), with the majority of predictions 
very close to the value of bobcat relative abundance in the data withheld from the 
regression analysis.  Predictions from the model based on counties with non-zero bobcat 
abundances, with 58% of predictions falling within one of the actual value and 91% 
falling within five of the actual value, were slightly less accurate than predictions from 
the model based on statewide data, wherein 66% of predictions fell within one of the 
actual value and 95% fell within five of the actual value.
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Fig. 22. Predicted relative abundance of bobcats (bobcats seen per 1000 hunter hours) using the nine-variable linear 
regression model in Iowa, USA, 2004,  2006, and 2008.  Model was constructed using only counties with non-zero 
abundances of bobcats in the Bowhunter Observation Survey. 
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Fig. 23. Prediction accuracy (difference between predicted and withheld values of bobcats seen per 1000 hunter-hours) of 
the best nine-variable linear regression model of bobcat relative abundance in Iowa constructed using only counties with 
non-zero abundances of bobcats in the Bowhunter Observation Survey.  Predicted values of bobcat relative abundance by 
the model built using data from 2004, 2006, and 2008 of the Bowhunter Observation Survey are compared to observed 
values of bobcat relative abundance in years 2005, 2007, and 2009.  Counties where the model overpredicted the relative 
abundance of bobcats are shown in red; counties where the model underpredicted the relative abundance of bobcats are 
shown in blue. 
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Fig. 24. Prediction accuracy (difference between predicted and withheld values of 
bobcats seen per 1000 hunter-hours) of the best nine-variable linear regression 
model of bobcat relative abundance in Iowa constructed using only counties with 
non-zero abundances of bobcats in the Bowhunter Observation Survey approaches 
a normal distribution.  Predicted values of bobcat relative abundance by the model 
built using data from 2004, 2006, and 2008 of the Bowhunter Observation Survey 
are compared to observed values of bobcat relative abundance in years 2005, 2007, 
and 2009. 
 
The variables included in the models constructed using only counties where 
bobcats are known to be present are consistent with the variables included in models 
constructed using statewide data.  Models constructed based on statewide data produce 
more accurate predictions of bobcat relative abundance when compared to observed 
bobcat relative abundance values from the Bowhunter Observation Survey years 2005, 
2007, and 2009 that were withheld from the modeling procedure.  Still, models 
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constructed based on counties with non-zero bobcat counts predict bobcat relative 
abundance reasonably well.  Based on this modeling exercise, I concluded that models 
constructed using statewide data are defendable and useful for predicting suitable bobcat 
habitat in Iowa.  Any potentially incomplete colonization of the state by bobcats has not 
adversely influenced the statewide model.  Additionally, linear regression models explain 
more variation than CART models in predicting the county-level abundance of bobcats, 
whether based on statewide data or counties with non-zero bobcat abundances. 
 
Methods: Watershed-level models 
Bobcat location data 
Although the Bowhunter Observation Survey provides data with a consistent 
statewide sampling effort, the survey is coarse with regard to ecological variables.  
However, the Iowa DNR has compiled location data on bobcat occurrences since 2003 
(Fig. 25) based on reports of carcasses, captures, or sightings.  Carcass locations were 
collected from bobcats killed by vehicle collisions or incidentally trapped.  Capture 
locations were collected when bobcats were live-captured to be fitted with radiocollars 
(Gosselink and Clark 2009).  Sighting locations were reported to the Iowa DNR by 
conservation professionals and citizens.  Sightings were listed as confirmed (n=1332) if 
they were from a reliable source such as a conservation professional or a trapper, or if 
visual evidence such as a photograph was provided.  Otherwise, the sighting was listed as 
unconfirmed (n=765).  I only used confirmed sightings in the model building procedure.  
Because these data were obtained opportunistically, rather than from a systematically 
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Fig. 25. Locations where bobcats have been observed in Iowa, USA, 2003-2009.   Watersheds containing confirmed bobcat 
sightings are highlighted. 
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designed survey, the sampling effort is not consistent statewide.  Although locations of 
captured bobcats were collected using GPS and represent accurate UTM coordinates, 
carcass and sighting locations are of reasonable, but imprecise, position such as the 
nearest 911 address.  However, the uncertainty in bobcat location is much smaller than 
the area of a watershed.  I mapped all bobcat sightings in ArcGIS and associated 
sightings with a watershed.  I used 6th level (12-digit Hydrologic Unit Code) sub-
watersheds (n=1703), delineated by the USGS (USGS et al. 2009).  I classified 
watersheds as “bobcats present” if one or more confirmed bobcat sightings fell within the 
watershed.  If a watershed contained no confirmed bobcat sightings, it was classified as 
“bobcats absent”.  
 
Habitat and landscape variables 
I calculated variables describing landscape-scale bobcat habitat for each 
watershed in Iowa using GIS (ESRI 2009) from publicly available landcover, elevation, 
road, stream, and human population data (see Appendix A for data sources).  Data for 
cottontail rabbits and coyotes used in model building at the county level are not available 
with resolution below the county scale, so were not included in watershed-level models.  
I calculated potentially informative landscape configuration metrics at the class and 
landscape level for each watershed from the 2002 land cover dataset using FRAGSTATS 
3.3 (McGarigal et al. 2002).   Edge contrast was estimated based on bobcat habitat 
selection ratios in Iowa (Tucker et al. 2007).   Edge contrast ratios at the watershed level 
were the same as edge contrast ratios at the county level. 
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I retained a smaller group of variables for habitat modeling based on knowledge 
of factors that might influence bobcat distribution and univariate statistics. Where 
multiple variables were highly correlated with each other (r > 0.80), I eliminated all but 
one of the variables.  I retained the variable that was more biologically meaningful, more 
easily understood, or was easier to calculate.  Variable names and descriptions of metrics 
included in this analysis are listed in Table 6. 
 
CART analysis 
I began using CART analysis to study bobcat presence as a function of habitat and 
landscape variables and to gain insight into the complex multivariate nature of the 
landscape relationships.  I used the package rpart (Therneau and Atkinson 2009) to 
construct classification trees in the program R (R Development Core Team 2009) using 
locations of confirmed bobcat sightings.  Trees were pruned on the basis of a 
predetermined cost–complexity measure to ensure that the fitted tree was not more 
complex than necessary to describe the data (Breiman et al. 1984, De'ath and Fabricius 
2000).  The pruned regression tree predicts the presence of bobcats in the set of 
watersheds at each terminal node. 
 
Logistic regression analysis 
I followed the CART analysis with logistic regression to quantify the effect of 
variables influencing bobcat distribution and abundance.  All confirmed bobcat sightings 
were used to develop the logistic regression model.  I chose the same variables used in  
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Table 6. Predictor variables included in the model building procedure for watershed 
level models of bobcat presence in Iowa, USA, 2003-2009. 
Variable Variable describes Transformation Variable name 
percent forest landscape composition natural log for_PLAND 
percent grassland landscape composition  square root grass_PLAND 
percent CRP landscape composition natural log crp_PLAND 
percent rowcrop landscape composition  row_PLAND 
slope standard deviation landscape physiognomy natural log SlopeStDev_Per 
stream density landscape physiognomy  AllStreamDens_Avg 
unpaved road density human factors  UnpavedRoadDens_Avg 
human population density human factors natural log HumanPopDens 
forest patch density landscape configuration: fragmentation square root for_PD 
grassland patch density landscape configuration: fragmentation natural log grass_PD 
CRP patch density landscape configuration: fragmentation square root crp_PD 
rowcrop patch density landscape configuration: fragmentation natural log row_PD 
forest landscape shape index landscape configuration: shape  for_LSI 
grassland landscape shape index landscape configuration: shape  grass_LSI 
CRP landscape shape index landscape configuration: shape  square root crp_LSI 
rowcrop landscape shape index landscape configuration: shape  row_LSI 
forest mean patch area landscape configuration: fragmentation natural log for_AREA_MN 
grassland mean patch area landscape configuration: fragmentation natural log grass_AREA_MN 
CRP mean patch area landscape configuration: fragmentation natural log crp_AREA_MN 
rowcrop mean patch area landscape configuration: fragmentation  row_AREA_MN 
forest mean shape landscape configuration: shape  for_SHAPE_MN 
grassland mean shape landscape configuration: shape  grass_SHAPE_MN 
CRP mean shape landscape configuration: shape  crp_SHAPE_MN 
rowcrop mean shape landscape configuration: shape  row_SHAPE_MN 
forest core percentage of landscape landscape configuration: core area natural log for_CPLAND 
grassland core percentage of landscape landscape configuration: core area natural log grass_CPLAND 
CRP core percentage of the landscape landscape configuration: core area  crp_CPLAND 
rowcrop core percentage of the landscape landscape configuration: core area  row_CPLAND 
forest disjunct core area density landscape configuration: core area  for_DCAD 
grassland disjunct core area density landscape configuration: core area  grass_DCAD 
CRP disjunct core area density landscape configuration: core area  crp_DCAD 
rowcrop disjunct core area density landscape configuration: core area  row_DCAD 
forest mean core area landscape configuration: core area  for_CORE_MN 
grassland mean core area landscape configuration: core area  grass_CORE_MN 
CRP mean core area landscape configuration: core area  crp_CORE_MN 
rowcrop mean core area landscape configuration: core area  row_CORE_MN 
forest contrast weighted edge density landscape configuration: adjacency  for_CWED 
grassland contrast weighted edge density landscape configuration: adjacency  grass_CWED 
CRP contrast weighted edge density landscape configuration: adjacency  crp_CWED 
forest edge contrast landscape configuration: adjacency  for_ECON_MN 
grassland edge contrast landscape configuration: adjacency  grass_ECON_MN 
CRP edge contrast landscape configuration: adjacency  crp_ECON_MN 
rowcrop edge contrast landscape configuration: adjacency  row_ECON_MN 
Shannon’s diversity index landscape configuration: diversity   L_SHDI 
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the CART analysis, selected with knowledge of factors that might influence bobcat 
distribution.  I checked these variables for normality and transformed non-normal 
variables using the natural log or square root.  For all transformed variables, the data 
appeared closer to meeting the assumption of normality after transformation.  
 
I used logistic regression in the program SAS (PROC LOGISTIC) (SAS Institute, 
Inc. 2009) to model the presence of bobcats as a function of landscape composition, 
configuration, and habitat variables.  I considered models with as many as 10 variables 
without interaction.  I used a combination of criteria to compare the best-fit candidate 
models including an information theoretic approach (AIC), the likelihood score statistic 
(χ2), the generalized coefficient of determination (R2), and predictive ability of the fitted 
model.   Due to the comparatively large number of sub-watersheds, AIC was not 
corrected for small sample size as for county-level models. 
 
 Results: Watershed-level models 
CART model 
The classification tree at the watershed level has 10 terminal nodes, explaining 
46.8% of the variation (Fig. 26).  Of 44 potential predictors in the model specification, 
eight were selected by the algorithm to be used in constructing the tree.  The density of 
CRP core areas (>5.6 core areas per 100 hectares) is by far the most important factor 
affecting bobcat presence.  Where CRP core areas are relatively dense and CRP patch 
shapes are relatively disaggregated, bobcat presence is associated with relatively high 
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Fig. 26. Classification tree classifying the presence of bobcats as a function of 
landscape composition and configuration variables at the watershed level in Iowa, 
USA, 2003-2009.  Branch length is proportional to the influence of the splitting 
variable. 
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 densities of grassland core areas.  Where CRP core areas are relatively dense but CRP 
patch shapes are relatively aggregated, bobcat presence is associated with low grassland 
core percentage of the landscape, moderate densities of CRP core areas, and compact 
(nearly square) CRP patches.  Where CRP core areas are less dense, bobcat presence is 
associated with areas that have relatively high grassland contrast-weighted edge density, 
compact (nearly square) rowcrop patches, and relatively low edge contrast with CRP.  
Variables relating to the amount and configuration of CRP and grassland performed very 
competitively, and frequently served as surrogates for each other (Appendix D).  The 
areas of bobcat presence and absence predicted by the CART model (Fig. 27) are 
consistent with bootstrapped probabilities of bobcat presence predicted by the random 
forest model (Fig. 28).  Both superficially reflect the known presence of bobcats in Iowa. 
 
Logistic regression model 
Results of logistic regression modeling indicated that there were two competing 
models (∆AIC < 2) for bobcat presence (Table 7).  The best-fit model by the AIC 
criterion includes 10 parameters and correctly classifies 87.0% of sub-watersheds for 
bobcat occurrence.  A model including just five variables correctly classifies 86.8% of 
sub-watersheds for bobcat occurrence and has similar R2 to the 10- variable models, 
despite the five-variable model’s poorer fit by AIC (∆AIC = 53.5) and χ2 scores.  A plot 
of model χ2 scores asymptotes after five variables are added to the model, indicating that 
including more variables does not significantly improve model fit.  All of the parameters 
in the five-variable model are included in the best-fit 10-variable model (bold in Table 7). 
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Fig. 27. Bobcat presence and absence predicted by the classification tree model in Iowa, USA, 2003-2009. 
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Fig. 28. Probabilities of bobcat presence predicted by the random forest model in Iowa, USA, 2003-2009.  
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Table 7. Akaike's information criterion (AIC), ∆AIC, likelihood score statistic (χ2), 
generalized coefficient of determination (R2), and correct classification rate of the 
three best logistic regression models for predicting the presence of bobcats at the 
watershed level in Iowa, USA, 2003-2009.  Variables in bold are included in all of 
the best models. 
Model Number of Parameters Parameters AIC ∆AIC χ
2
 R2 
Correct 
Classification 
Rate 
1 10 UnpavedRoadDens_Avg 1086.077 0 652.792 0.347 87.01% 
  
lnHumanPopDens 
    
  
lnfor_PLAND 
     
  
row_PLAND 
     
  
lngrass_PD 
     
  
sqrtcrp_LSI 
     
  
for_SHAPE_MN 
     
  
crp_SHAPE_MN 
     
  
row_SHAPE_MN 
    
  
crp_ECON_MN 
     
        
2 10 lnHumanPopDens 1087.974 1.897 653.656 0.346 86.94% 
  
lnfor_PLAND 
     
  
row_PLAND 
     
  
lngrass_PD 
     
  
sqrtcrp_LSI 
     
  
for_SHAPE_MN 
     
  
crp_SHAPE_MN 
     
  
row_SHAPE_MN 
    
  
grass_ECON_MN 
    
  crp_ECON_MN      
        
3 5 lnHumanPopDens 1139.608 53.531 598.128 0.322 86.38% 
  
row_PLAND 
     
  
sqrtcrp_LSI 
     
  
row_SHAPE_MN 
    
    crp_ECON_MN        
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Parameter estimates and conditional odds ratios are similar in the five-variable model 
(Table 8) and the 10-variable model (Table 9), with one exception.  The odds ratio for the 
mean rowcrop shape is much larger in the five-variable model than in the 10-variable 
model.  The variation explained by this parameter in the five-variable model is split 
among five additional variables in the 10-variable model.  The Wald confidence interval 
for the mean rowcrop shape conditional odds ratio is very wide for both the five and 10-
variable models (52.892 - >999.999 and 31.444 - >999.999, respectively), indicating that 
neither estimate is very precise.  Wald confidence intervals in the 10-variable model are 
relatively wide for conditional odds ratios of parameters not included in the five-variable 
model when compared to the confidence intervals for conditional odds ratios of variables 
common to both models.  Given this uncertainty in the 10-variable model, the asymptote 
in χ2 score statistics, and the high predictive accuracy of the five-variable model, I have 
chosen to use the simpler five-variable model for predicting bobcat presence and absence.  
 
Parameter estimates (Table 8) indicate that as the CRP landscape shape index and 
rowcrop shape index increased, the probability of bobcat presence increased.  As human 
population density, percentage of the landscape in rowcrop, and edge contrast with CRP 
areas decreased, the probability of bobcat presence increased.  Probabilities of bobcat 
presence predicted by this model are shown in Fig. 29. 
 
Percentage of sightings and non-sightings areas correctly predicted by the five-
variable model was 86.4% (Table 10, Fig. 30).  By area, 9.5% of Iowa was classified as  
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Table 8. Parameter estimates of the best five-variable logistic regression model for 
predicting the presence of bobcats at the watershed level in Iowa, USA, 2003-2009. 
Model parameter β SE(β) Wald χ2 p Conditional 
odds ratio 
95% Wald 
confidence limits 
Intercept -10.725 1.633 43.118 <.0001   
lnHumanPopDens -0.259 0.077 11.446 0.0007 0.772 0.664 - 0.897 
row_PLAND -0.036 0.004 85.679 <.0001 0.965 0.958 - 0.972 
sqrtcrp_LSI 1.101 0.099 124.558 <.0001 3.006 2.478 - 3.647 
row_SHAPE_MN 5.720 0.894 40.968 <.0001 304.821 52.892 - >999.999 
crp_ECON_MN -0.144 0.029 26.852 <.0001 0.866 0.820 - 0.914 
 
Table 9. Parameter estimates of the best-fit logistic regression model for predicting 
the presence of bobcats at the watershed level in Iowa, USA, 2003-2009.  
Model parameter β SE(β) Wald χ 2 p Conditional 
odds ratio 
95% Wald 
confidence limits 
Intercept 
-14.900 3.684 16.357 <.0001   
UnpavedRoadDens_Avg 1.259 0.544 5.355 0.0207 3.523 1.213 - 10.235 
lnHumanPopDens -0.448 0.092 23.521 <.0001 0.639 0.533 - 0.766 
lnfor_PLAND -0.656 0.176 13.893 0.0002 0.519 0.368 - 0.733 
row_PLAND -0.059 0.008 59.864 <.0001 0.943 0.929 - 0.957 
lngrass_PD 1.809 0.324 31.201 <.0001 6.104 3.236 - 11.516 
sqrtcrp_LSI 1.122 0.110 103.890 <.0001 3.072 2.475 - 3.811 
for_SHAPE_MN 8.854 1.938 20.873 <.0001 >999.999 156.934 - >999.999 
crp_SHAPE_MN -7.690 2.165 12.614 0.0004 <0.001 <0.001 - 0.032 
row_SHAPE_MN 5.306 0.948 31.345 <.0001 201.45 31.444 - >999.999 
crp_ECON_MN -0.181 0.039 21.128 <.0001 0.835 0.773 - 0.901 
 
Table 10. Accuracy of the best five-variable logistic regression model predicting 
bobcat presence at the watershed level in Iowa, 2003-2009.  Seven observations were 
omitted due to missing data. 
Prediction Accuracy Frequency Percent 
Total correct predictions 1472 86.38% 
     Observed present, predicted present 210 12.38% 
     Observed absent, predicted absent 1255 74.00% 
Errors of omission 
 
 
     Observed present, predicted absent 164 9.67% 
Errors of commission   
     Observed absent, predicted present 67 3.95% 
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Fig. 29. Probabilities of bobcat presence in Iowa predicted by the best five-variable logistic regression model, 2003-2009. 
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Fig. 30. Prediction accuracy of the best five-variable logistic regression model of bobcat presence in Iowa.  Model 
prediction of bobcat presence is compared to observed bobcat presence.
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having highly favorable habitat (Pr>75%), 18.4% of the state had Pr >50%.  Favorable 
habitat was found primarily in southern Iowa within the arc bounded by the Des Moines 
River to the east, the Raccoon River to the north, and the Nishnabotna River to the west.  
Favorable habitat outside of this area occurred primarily along river drainages, including 
the Turkey, Volga, and Yellow Rivers in northeast Iowa, the Maquoketa, Cedar, and 
Iowa Rivers in eastern Iowa, and the Little Sioux and Boyer Rivers in western Iowa.  
Less favorable habitats (Pr<50%) comprised 81.6% of the state and were located in the 
intensively cultivated northern two thirds of Iowa.  Errors in prediction primarily 
occurred along the edges between areas of more favorable and less favorable habitat.  
Clusters of prediction errors were generally grouped within larger sub-basins (10-digit 
HUCs), particularly in the Loess Hills region. 
 
I tested for spatial autocorrelation in the model residuals using Moran’s I.  The 
test for spatial autocorrelation in the residuals for this model found significant but weak 
global spatial autocorrelation (Moran’s I=0.056313, P < 0.001).  There does not appear to 
be a pattern of clustering in the residuals that corresponds to the overall pattern of bobcat 
distribution in Iowa (Fig. 31) (Dormann et al. 2007).  There is a cluster of large residuals 
in the southwest corner of the state.  This area has many reported bobcats, yet 60-90% of 
the landcover is rowcrop, commonly understood to be unsuitable habitat for bobcats 
(Bowles 1975, Woolf and Hubert 1998, Anderson and Lovallo 2003, Zohrer 2006, 
Tucker et al. 2007).   It is possible that the bobcats sighted in this area are transient, and 
not part of a resident population.  It is unlikely that bobcat presence in this area is solely 
related to habitat association.  Given that the value of Moran’s I in the model residuals is 
  
71
 
Fig. 31. Local indicators of spatial autocorrelation in the errors of the best five-variable logistic regression model. 
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near zero, and that clusters of high residuals have possible explanations related to habitat 
and watersheds, I concluded that incorporating spatial autocorrelation of errors would not 
substantially improve model predictions.  Therefore, standard regression models are 
sufficient to describe the species-habitat relationship. 
 
Discussion 
It is trivial to say that bobcat presence and abundance is influenced by the 
distribution and quality of habitat.  But based on my analyses and modeling, I concluded 
that both the probability of bobcat presence and the relative abundance of bobcats were 
especially influenced by the quantity and configuration of grassland and CRP across 
Iowa.  Several variables consistently were included in CART, linear regression, and 
logistic regression models of bobcat habitat in Iowa, although the variables included 
varied slightly among the selected best models described in detail herein.  These common 
variables include the percentage of the landscape in grassland, grassland patch density, 
grassland core percentage of the landscape, grassland mean patch area, grassland contrast 
weighted edge density, CRP core area density, CRP patch density, relative abundance of 
cottontail rabbits, forest mean shape index, human population density, density of unpaved 
roads.  The quantity and configuration of perennial grassland areas was consistently of 
key importance in predicting the distribution of bobcats in Iowa. 
 
Previous study of bobcat habitat selection at the home range scale found that 
bobcats in Iowa preferentially used forested habitat, selecting it twice as frequently as any 
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other habitat class (Tucker et al. 2007).  This woody cover provides den sites and high 
prey densities needed for survival and reproduction (Woolf et al. 2002).  Although 
Tucker et al. (2007) found that bobcats selected forest habitat in their core usage areas, 
bobcats preferentially used forest patches that were surrounded by grassland or CRP.  
Tucker et al. concluded that forest habitat is the most important habitat selection 
component to bobcats in Iowa, but the context of forest habitat is also important.  At the 
individual home range scale, previous work emphasizes the importance of the 
intermixture of forest and grassland (Tucker et al. 2007, Gosselink and Clark 2009).   
 
My results reinforce and extend to the larger landscape scale the importance of 
perennial grassland in the surrounding matrix of favorable bobcat habitat in Iowa.  At the 
landscape scale, I found that forest alone was not sufficient to consistently predict bobcat 
presence, and forest variables were not included in most of the top models.  The results at 
both the sub-watershed and county scale are consistent with the previous conclusions 
about bobcat habitat usage at the home range scale.  These models therefore enable me to 
extend habitat preference based on individual behavior to the population and statewide 
extent. 
 
Watershed-level models generally predicted higher probability of bobcat presence 
along river corridors.  It is notable that not all river corridors are predicted to have 
favorable bobcat habitat, even if they are surrounded by forested areas.  For example, the 
sub-watersheds along the Upper Iowa River have a very low probability of bobcat 
presence, while sub-watersheds along the nearby Turkey and Volga Rivers have a high 
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probability of bobcat presence.  Although there is significant forested area along the 
Upper Iowa River, wooded areas are surrounded by rowcrops.  In contrast, wooded areas 
along the Turkey and Volga Rivers are interspersed with perennial grassland and 
rowcrops.  Similarly, sub-watersheds along the Des Moines River north of the city of Des 
Moines have very low probability of bobcat presence, while sub-watersheds along the 
Raccoon River west of Des Moines have a high probability of bobcat presence.  Here 
again, the wooded areas along the Des Moines River are surrounded by rowcrops, with 
very little perennial grassland in the area.  In comparison, forested areas along the 
Raccoon River are mixed with large areas of perennial grassland.  Probability of bobcat 
presence along the Des Moines River is further reduced by larger human populations in 
the city of Des Moines.  Similarly, probability of bobcat presence along the Cedar and 
Iowa Rivers is reduced both by lack of perennial grassland and by cities along the rivers 
including Iowa City, Cedar Rapids, and Waterloo.  The importance of landscape context 
in favorable habitat for bobcats is evident. 
 
The linear regression models predict bobcat presence and absence reasonably 
accurately at the county scale, but do not perform as well when predicting the values of 
relative abundance.  The linear regression models predict bobcat relative abundance more 
accurately in areas of the state where there are fewer bobcats.  One limitation of county-
scale analysis is the difficulty in quantifying smaller landscape features within the 
county.  For example, bobcats are sighted frequently near major waterways and their 
associated wooded riparian and floodplain habitats, particularly in the eastern and 
western parts of the state.  Although limited in coverage within any particular county, 
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these habitats could likely support bobcats, but averaging to define county landscape 
variables means that county-level models cannot easily detect these potentially important 
habitat associations.  Despite this limitation, county-level models made a reasonable 
prediction of areas of favorable bobcat habitat. 
 
Landscape features were more detectable using watershed-level models, but there 
are other issues of data quality.  There is no systematic survey of bobcat sightings at this 
resolution.  There is certainly bias in reporting in the sightings data used to develop these 
models, as not all conservation professionals reported bobcat sightings with equal 
reliability.  But by classifying each watershed as “bobcats present” whether one or many 
bobcat sightings were reported within that watershed, bias in the frequency of reporting 
was dampened.  Again, despite limitations of the data, watershed-level models made a 
reasonable prediction of areas of favorable bobcat habitat. 
 
Direct comparisons between CART, linear regression, and logistic regression 
models are not particularly useful because of differences between multivariate 
techniques, differences in initial variable selection, and different goals of the models. 
CART models are more informative for identifying important habitat variables, while 
linear regression models are more effective for predicting relative abundance, and logistic 
regression models are more useful for predicting relative habitat suitability.  These 
different models should be viewed as complementary, not as alternatives.  Together, they 
can be used to guide management efforts for bobcats in Iowa and evaluate the importance 
of significant variables for predicting bobcat abundance and habitat suitability. 
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None of the models reveal favorable habitat outside of areas known to be 
occupied by bobcats, suggesting that bobcats are already occupying areas of favorable 
habitat and will not substantially disperse to other parts of the state.  While some parts of 
the state appear to have reached saturation in bobcat density (particularly Page, Ringgold, 
and Adams counties), other areas of the state (Davis, Appanoose, Monroe, Guthrie, 
Madison, Warren, and other counties, adjacent to counties with abundant bobcats) may 
still see an increase in bobcat population numbers in the coming years.  Within the 6 
years of data currently available from the Bowhunter Observation Survey, I did not detect 
any evidence supporting a spatial-temporal trend in the dispersal or spread of bobcats to 
additional counties.  Counties that have a low relative abundance of bobcats in the 
Bowhunter Observation Survey generally have had zero bobcats for most of the six years 
of the survey (Fig. 32).  Factors influencing bobcat observation rates within any county 
include bobcat abundance, bobcat distribution as dictated by suitable habitat, hunter 
effort, spatial distribution of hunters, and detectability of bobcats.  Of these, bobcat 
abundance is the most likely factor affecting bobcat observation rates (S. D. Roberts, 
Iowa Department of Natural Resources, personal communication).  There is no apparent 
trend of increasing or decreasing numbers of bobcats observed or any corresponding 
trend in bobcat abundance within any counties at this time (Fig. 33).  All attempts to 
account for spatial-temporal biases in the data, potentially associated with the spread of 
bobcats, proved unnecessary.  CART and linear regression models constructed using only 
counties that had non-zero relative abundances in the Bowhunter Observation Survey 
were very similar to models constructed using statewide data.  Efforts to detect spatial 
autocorrelation that might result from bobcat dispersal found no significant clustering 
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Fig. 32. Number of years when zero bobcats were observed in the Bowhunter Observation Survey in Iowa, USA, 2004-
2009. 
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Fig. 33. Trends in the number of bobcats observed in the Bowhunter Observation Survey in Iowa, USA, 2004-2009. 
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pattern in the model errors or weak levels of correlation.  If the rate of spread of bobcats 
into Iowa affects their distribution in the state, it is not detectable within the six years of 
data currently available.  In the future, these models can be used as a hypothesis 
regarding bobcat habitat.  If bobcat populations increase in Iowa, they may remain in the 
predicted counties, or they may prove to be more adaptable and able to use more 
marginal habitat than is currently predicted. 
 
Contribution 
Research on distribution and abundance of bobcats and habitat availability were 
listed as two of the top five research needs for bobcats in a 1996 survey of state agencies 
(Bluett et al. 2001).  Since then, a number of states have developed and applied habitat 
models for management decisions and conservation strategies.  Furthermore, habitat 
models can be used to develop further hypotheses concerning local- and landscape-level 
habitat associations.  The statewide prediction of favorable bobcat habitat can be used by 
the Iowa DNR to facilitate better management decisions regarding sustainable harvest 
limits and practices to encourage the continued repopulation of bobcats in Iowa. 
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Appendix A. Data sources for predictor variables 
Cottontail rabbits 
Relative abundance of cottontail rabbits (Sylvilagus floridanus) was obtained 
from the August Roadside Survey, conducted by the Iowa DNR since 1962.  The survey 
was designed to assess upland game populations.  Each August, survey routes are driven 
by conservation officers at speeds of 10-15 miles per hour, and the number of ring-
necked pheasants, bobwhite quail, gray partridge, eastern cottontail rabbits, and white 
tailed jackrabbits observed is recorded.  Survey routes are each 30 miles long, and are 
entirely on gravel roads.  Surveys are conducted on sunny, calm mornings with heavy 
dew, between August 1-15.  A total of 210 routes, or 6,300 miles, is surveyed each year.  
Most counties contain two survey routes.  Data is compiled as number of cottontail 
rabbits observed per 30-mile route for each county.  Data from years 2004-2008 was 
averaged to provide a measure of relative abundance of cottontail rabbits for each county. 
Coyotes 
 Relative abundance of coyotes (Canis latrans) at the county level was obtained 
from the annual Bowhunter Observation Survey, conducted by the Iowa DNR since 2004 
(Roberts and Clark 2009).  The survey is sent to approximately 91 avid bowhunters in 
each county in Iowa, selected from a core group of avid hunters who previously indicated 
an interest in participating in the survey.  Avid bowhunters are defined as hunters who 
have purchased a bowhunting license for each of the three years prior to the survey.  A 
total statewide sample of 8,991 bowhunters was selected for participation.  Survey 
participants are asked to record the date of each bowhunting trip, the number of hours 
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hunted, and the number of animals observed.  Observations are collected for deer, wild 
turkey, raccoon, opossum, house cat, bobcat, red fox, gray fox, striped skunk, coyote, 
badger, and river otter.  Bowhunters are a logical choice for observational surveys of 
wildlife because they tend to be experienced outdoors people, and the practices used 
while bowhunting deer are ideal for observing other wildlife.  For example, bowhunters 
spend extensive periods of time pursuing deer from tree stands or blinds, typically 
wearing camouflaged clothing and making efforts to mask human scent.  Results of the 
survey are compiled as number of coyotes observed per 1000 hours hunted for each 
county each year.  Data was averaged over the years 2004 – 2008.  This number is a 
measure of the relative abundance of coyotes in each county.  
Land cover 
Land cover data was obtained from the Iowa DNR Natural Resources GIS 
Library.  The most recent land cover coverage available is from 2002.  The resolution of 
this coverage is very fine, with a raster cell size of 15m x 15m.  The data was classified 
by the Iowa Geological Survey and the Iowa DNR from satellite imagery collected 
between May 2002 and May 2003.  For this study, data was reclassified using ArcGIS 
((ESRI) 2009) from the original 17 cover classes to nine cover classes that are 
functionally important to bobcats, matching those used in Tucker’s study of bobcat 
habitat use in Iowa (Table 11) (Tucker et al. 2007). 
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Table 11. Original and reclassified cover classes of the 2002 Iowa landcover data. 
Original cover ID Original cover type Reclassified 
cover ID 
Reclassified 
cover type 
1 Water 5 Water/Wetland 
2 Wetland 
3 Bottomland Forest 
8 Forest 4 Coniferous Forest 
5 Deciduous Forest 
6 Ungrazed Grassland 
6 Grassland 7 Grazed Grassland 
9 Alfalfa/Hay 
8 Planted Grassland 7 CRP 
10 Corn 
3 Rowcrop 11 Soybeans 
12 Other Rowcrop 
13 Roads 2 Road 
14 Commercial/Industrial 1 Urban 
15 Residential 
16 Barren 4 Barren/Rock 
17 Cloud/Shadow/No Data 0 No Data 
0 Unclassified 
    
 
Streams 
Stream data was obtained from the Iowa DNR Natural Resources GIS Library.  
The coverage contains selected arcs from the National Hydrography Dataset, developed 
by the United States Geological Survey and the Environmental Protection Agency.  The 
dataset developed by the Iowa DNR includes the Strahler stream order for each arc.  
Stream locations were converted to stream density (km/km2) using ArcGIS, with a cell 
size of 30m.  Average stream density was calculated for each county using Hawth’s 
Tools extension for ArcMap (Beyer 2004).  
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Elevation 
Elevation data was obtained from the Iowa DNR Natural Resources GIS Library.  
The coverage used was the National Elevation Dataset of Iowa as a 30-meter floating 
point GRID, elevation units in feet.  The coverage, developed by the USGS in 1999, is 
seamless mosaic of best-available elevation data, primarily from 7.5-minute elevation 
data for the conterminous United States.  Elevation data was converted to slope (percent 
rise) using ArcGIS, with a cell size of 30m.  To quantify landscape undulation, the 
standard deviation of the slope was calculated for each county using Hawth’s Tools 
extension for ArcMap (Beyer 2004). 
Roads 
Road data was obtained from the Iowa DNR Natural Resources GIS Library.  The 
Road Centerlines 2006 dataset was created by the Iowa DNR from Iowa Department of 
Transportation county-wide GIMS files from 2006.  The dataset includes information on 
road surface type, as defined by the Iowa DOT base record manual.  Surface types were 
reclassified from the original 100 surface classes to two classes (paved or unpaved) using 
ArcGIS.  Road locations were converted to road density (km/km2) using ArcGIS, with a 
cell size of 30m.  Road density was calculated for all roads, paved roads only, and 
unpaved roads only.  Average road density, average paved road density, and average 
unpaved road density was calculated for each county using Hawth’s Tools extension for 
ArcMap (Beyer 2004). 
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Additionally, traffic volume data was obtained from the Iowa DOT.  However, as 
higher traffic volume corresponds highly to paved surfaces, road surface type was used as 
an indicator of traffic volume. 
Human population 
Human population data was obtained from the U.S. Census Bureau 2000 Census 
at the block level.  Population numbers were georeferenced using TIGER/Line files in 
ArcGIS.  Population numbers were converted to population density (people/km2) using 
ArcGIS, with a cell size of 30m. Average population density was calculated for each 
county using Hawth’s Tools extension for ArcMap (Beyer 2004). 
Counties 
County boundary data was obtained from the Iowa DNR Natural Resources GIS 
Library.  The data was developed by the Iowa DNR in 1990 from a set of 99 individual 
coverages of the Public Land Survey System (PLSS) for each county in the state. The 
PLSS coverages were digitized from paper copies of 7.5' topographic quadrangle maps.  
Sub-watersheds 
Sub-watershed boundary data was obtained from the Iowa DNR Natural 
Resources GIS Library.  The Watershed Boundary Dataset, Twelve-Digit Hydrologic 
Units (Sub-Watersheds) of the Eight Digit Sub-Basins that are in Iowa was developed by 
the Iowa Natural Resources Conservation Service and the Environmental Protection 
Agency, Region 5 in 2008.  This data set is a complete digital hydrologic unit boundary 
layer to the Sub-watershed (12-digit) 6th level for the State of Iowa. 
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Appendix B.  Regression tree model predicting bobcat relative 
abundance as a function of landscape variables at the county level in 
Iowa, USA, 2004 – 2009. 
 
Node 1 primary splits    
variable variable value split direction fit improvement 
Bunny5yrAvg <14 to the left 0.519 
crpDCAD <9.247 to the left 0.507 
crpCPLAND <6.320 to the left 0.495 
crpCWED <6.835 to the left 0.483 
PerCRP <10.625 to the left 0.482 
    
Node 1 surrogate splits 
variable variable value split direction agreement 
PerCRP <12.975 to the left 0.98 
crpCPLAND <7.651 to the left 0.97 
graDCAD <7.937 to the left 0.97 
crpDCAD <9.948 to the left 0.97 
graCPLAND <18.583 to the left 0.96 
    
 
   
Node 2 primary splits    
variable variable value split direction fit improvement 
PerCRP <5.695 to the left 0.419 
crpCWED <6.748 to the left 0.409 
crpDCAD <2.873 to the left 0.393 
forSHAPEMN <1.339 to the left 0.381 
crpSHAPEMN <1.243 to the left 0.366 
    
Node 2 surrogate splits 
variable variable value split direction agreement 
crpCWED <6.080 to the left 0.956 
crpDCAD <4.359 to the left 0.944 
crpPD <11.726 to the left 0.933 
crpSHAPEMN <1.248 to the left 0.933 
crpCPLAND <2.573 to the left 0.933 
    
    
complexity parameter number of splits relative error  
0.519 0 1  
0.129 1 0.481  
0.037 2 0.352  
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Appendix C.  Regression tree model predicting bobcat relative 
abundance as a function of landscape variables at the county level in 
Iowa, USA, 2004 - 2009.  Model was constructed using only counties 
with non-zero abundance of bobcats in the Bowhunter Observation 
Survey. 
 
Node 1 primary splits    
variable variable value split direction fit improvement 
Bunny5yrAvg <14 to the left 0.450 
crpDCAD <9.247 to the left 0.475 
crpCPLAND <6.320 to the left 0.461 
PerCRP <10.625 to the left 0.442 
crpPD <14.631 to the left 0.438 
    
Node 1 surrogate splits 
variable variable value split direction agreement 
PerCRP <12.975 to the left 0.969 
crpCPLAND <7.651 to the left 0.954 
graDCAD <7.937 to the left 0.954 
crpDCAD <9.948 to the left 0.954 
graCPLAND <18.583 to the left 0.938 
    
 
   
Node 2 primary splits    
variable variable value split direction fit improvement 
crpPD <10.681 to the left 0.341 
crpCWED <6.749 to the left 0.325 
forSHAPEMN <1.339 to the left 0.321 
PerCRP <5.695 to the left 0.315 
crpDCAD <2.858 to the left 0.302 
    
Node 2 surrogate splits 
variable variable value split direction agreement 
crpCWED <6.258 to the left 0.911 
PerCRP <5.695 to the left 0.893 
rcpAREAMN <14.023 to the right 0.893 
PerRowcrop <55.705 to the right 0.875 
crpLSI <130.102 to the left 0.875 
    
    
complexity parameter number of splits relative error 
 
0.450 0 1  
0.099 1 0.500  
0.033 2 0.401  
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Appendix D.  Classification tree model predicting bobcat relative 
abundance as a function of landscape variables at the watershed level in 
Iowa, 2004-2009. 
 
Node 1 primary splits    
variable variable value split direction fit improvement 
crp_DCAD <5.560 to the left 149.057 
crp_LSI <40.123 to the left 134.965 
crp_PLAND <4.414 to the left 132.595 
crp_PD <12.241 to the left 130.167 
grass_DCAD <5.172 to the left 128.758 
    
Node 1 surrogate splits    
variable variable value split direction agreement 
grass_DCAD <5.589 to the left 0.931 
crp_CPLAND <3.646 to the left 0.912 
crp_PLAND <6.621 to the left 0.908 
grass_CPLAND <7.081 to the left 0.907 
crp_CWED <6.855 to the left 0.889 
    
 
   
Node 2 primary splits    
variable variable value split direction fit improvement 
grass_CWED <41.114 to the left 21.071 
for_LSI <27.979 to the left 19.850 
crp_LSI <40.361 to the left 18.596 
crp_PLAND <3.726 to the left 18.453 
SlopeStDev_Per <2.397 to the left 17.368 
    
Node 2 surrogate splits    
variable variable value split direction agreement 
grass_PLAND <21.681 to the left 0.902 
row_PLAND <63.495 to the right 0.878 
grass_DCAD <2.256 to the left 0.863 
row_PD <3.62 to the left 0.859 
row_DCAD <3.62 to the left 0.859 
    
 
   
Node 3 primary splits    
variable variable value split direction fit improvement 
crp_LSI <39.428 to the left 25.651 
grass_CPLAND <12.750 to the left 19.492 
row_PLAND <47.024 to the right 16.288 
crp_DCAD <7.695 to the left 16.185 
for_LSI <34.662 to the left 16.150 
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Node 3 surrogate splits    
variable variable value split direction agreement 
grass_LSI <57.040 to the left 0.839 
for_LSI <29.167 to the left 0.756 
crp_PD <14.867 to the left 0.694 
crp_CWED <9.131 to the left 0.648 
crp_DCAD <8.0241 to the left 0.635 
    
 
   
Node 4 primary splits    
variable variable value split direction fit improvement 
row_SHAPE_MN <1.543 to the left 15.545 
crp_LSI <40.361 to the left 9.259 
HumanPopDens <6.774 to the right 7.037 
for_SHAPE_MN <1.341 to the left 6.964 
for_LSI <27.979 to the left 6.247 
    
Node 4 surrogate splits    
variable variable value split direction agreement 
UnpavedRoadDens_Avg <1.019 to the left 0.845 
row_PD <2.567 to the right 0.843 
row_DCAD <2.567 to the right 0.843 
grass_PD <9.939 to the right 0.836 
for_PLAND <0.448 to the right 0.834 
    
 
   
Node 5 primary splits    
variable variable value split direction fit improvement 
grass_CPLAND <12.554 to the left 10.438 
grass_AREA_MN <2.298 to the left 7.772 
grass_PD <16.614 to the right 7.508 
row_PLAND <47.024 to the right 7.166 
grass_PLAND <35.269 to the left 6.892 
    
Node 5 surrogate splits    
variable variable value split direction agreement 
grass_PLAND <40.408 to the left 0.897 
grass_AREA_MN <2.406 to the left 0.795 
row_PLAND <31.394 to the right 0.789 
crp_DCAD <7.532 to the left 0.746 
grass_SHAPE_MN <1.399 to the right 0.735 
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Node 6 primary splits    
variable variable value split direction fit improvement 
grass_DCAD <5.125 to the left 11.509 
row_PLAND <51.656 to the right 11.087 
row_SHAPE_MN <1.373 to the left 10.947 
for_PD <6.735 to the left 10.928 
L_SHDI <1.273 to the left 8.986 
    
Node 6 surrogate splits    
variable variable value split direction agreement 
row_PLAND <47.774 to the right 0.95 
L_SHDI <1.103 to the left 0.93 
crp_PLAND <5.126 to the left 0.93 
for_PD <6.032 to the left 0.93 
grass_PLAND <24.801 to the left 0.925 
    
 
   
Node 7 primary splits    
variable variable value split direction fit improvement 
crp_ECON_MN <16.025 to the left 9.568 
for_SHAPE_MN <1.338 to the left 7.938 
for_AREA_MN <0.545 to the left 6.283 
for_LSI <29.998 to the left 5.251 
crp_LSI <35.442 to the left 5.095 
    
Node 7 surrogate splits    
variable variable value split direction agreement 
crp_CWED <2.306 to the left 0.818 
L_SHDI <0.952 to the left 0.779 
grass_SHAPE_MN <1.421 to the left 0.779 
for_ECON_MN <52.863 to the left 0.779 
grass_PD <11.608 to the left 0.766 
    
 
   
Node 8 primary splits    
variable variable value split direction fit improvement 
crp_DCAD <14.240 to the right 6.635 
grass_LSI <32.674 to the left 6.203 
for_LSI <16.215 to the left 5.919 
grass_DCAD <11.858 to the right 5.740 
crp_ECON_MN <13.349 to the left 5.740 
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Node 8 surrogate splits    
variable variable value split direction agreement 
grass_DCAD <13.38 to the right 0.928 
grass_LSI <17.244 to the left 0.916 
crp_CWED <12.210 to the right 0.916 
grass_ECON_MN <24.964 to the left 0.916 
L_SHDI <1.106 to the left 0.904 
    
 
   
Node 9 primary splits    
variable variable value split direction fit improvement 
crp_SHAPE_MN <1.234 to the left 7.182479 
AllStreamDens_Avg <1.099 to the right 4.483578 
crp_ECON_MN <17.581 to the right 4.321429 
for_DCAD <1.613 to the right 4.286075 
for_PD <9.412 to the right 4.211928 
    
Node 9 surrogate splits    
variable variable value split direction agreement 
AllStreamDens_Avg <1.114 to the right 0.958 
for_LSI <39.842 to the right 0.944 
grass_CWED <65.274 to the right 0.944 
grass_ECON_MN <37.096 to the right 0.944 
crp_ECON_MN <17.581 to the right 0.944 
    
    
complexity parameter number of splits relative error 
 
0.219 0 1  
0.083 1 0.790  
0.045 2 0.698  
0.024 3 0.652  
0.019 5 0.604  
0.018 6 0.586  
0.016 9 0.532  
 
